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Background: MultiAlign is a free software tool that aligns multiple liquid chromatography-mass spectrometry
datasets to one another by clustering mass and chromatographic elution features across datasets. Applicable to
both label-free proteomics and metabolomics comparative analyses, the software can be operated in several
modes. For example, clustered features can be matched to a reference database to identify analytes, used to
generate abundance profiles, linked to tandem mass spectra based on parent precursor masses, and culled for
targeted liquid chromatography-tandem mass spectrometric analysis. MultiAlign is also capable of tandem mass
spectral clustering to describe proteome structure and find similarity in subsequent sample runs.
Results: MultiAlign was applied to two large proteomics datasets obtained from liquid chromatography-mass
spectrometry analyses of environmental samples. Peptides in the datasets for a microbial community that had a
known metagenome were identified by matching mass and elution time features to those in an established
reference peptide database. Results compared favorably with those obtained using existing tools such as VIPER, but
with the added benefit of being able to trace clusters of peptides across conditions to existing tandem mass
spectra. MultiAlign was further applied to detect clusters across experimental samples derived from a reactor
biomass community for which no metagenome was available. Several clusters were culled for further analysis to
explore changes in the community structure. Lastly, MultiAlign was applied to liquid chromatography-mass
spectrometry-based datasets obtained from a previously published study of wild type and mitochondrial fatty acid
oxidation enzyme knockdown mutants of human hepatocarcinoma to demonstrate its utility for analyzing
metabolomics datasets.
Conclusion: MultiAlign is an efficient software package for finding similar analytes across multiple liquid
chromatography-mass spectrometry feature maps, as demonstrated here for both proteomics and metabolomics
experiments. The software is particularly useful for proteomic studies where little or no genomic context is known,
such as with environmental proteomics.
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Liquid chromatography-tandem mass spectrometry (LC-
MS/MS) analyses typically leverage database search tools
[1-3] to accurately identify analytes (peptides, metabo-
lites, etc.) from tandem mass spectra. In proteomics,
search tools utilize a protein sequence database to gener-
ate in silico spectra that are statistically matched to the
empirical spectra in order to assign the best amino acid
sequence to the spectrum. These peptide sequences
along with their mass and chromatographic elution time
information are often stored in a reference peptide data-
base that serves as a look up table for identifying pep-
tides in subsequent higher-throughput, high-resolution
LC-MS analyses [4]. The resulting LC-MS spectra are
deisotoped using DeconTools [5] or similar software
that applies algorithms such as THRASH [6]or RAPID
[7] to obtain monoisotopic mass and elution time fea-
tures. Once aligned, these features are matched to ap-
propriate reference databases using software such as
VIPER [8], MaxQuant [9], msInspect [10], mzMine [11],
or SpecArray [12] for peptide identification and/or
quantitation.
When a database is not available or is incomplete, as
is often the case in environmental proteomics studies,
peptide sequences are identified using alternative
approaches, such as de novo sequencing or by com-
bining multiple genomes to form a pseudo metagenome
[13-16]. Reference peptide databases generated from
these approaches tend to be error prone and poorly rep-
resent the sample proteome, which results in a substan-
tial number of unidentified (unattributed) features and a
failure to adequately capture proteome dynamics. Liquid
chromatography-mass spectrometry-based global meta-
bolomics studies are similarly challenged in that con-
structing a representative database for identifying
metabolite features is difficult due to the lack of available
metabolite standards, which often results in an incom-
plete identification.
Herein we introduce MultiAlign, a public domain soft-
ware tool designed to overcome LC-MS data analysis
challenges stemming from the lack of a reference data-
base. With MultiAlign, multiple datasets are aligned by
clustering mass and LC elution time features. In addition
to revealing the presence/absence of features and differ-
ences in relative abundance from proteome or metabo-
lome profiles, the software can cull a set of features for
targeted peptide sequence or metabolite assignment via
a traceback capability that links clusters of LC-MS fea-
tures across numerous experimental runs to tandem
mass spectra. This multi-alignment strategy is advanta-
geous in that patterns among LC-MS global proteome
profiles can be evaluated in the absence of reference
databases, which is appealing to environmental proteo-
mics applications, such as characterization of microbialcommunities that lack genome sequence information, as
well as to other omics-based applications, such as meta-
bolomics. While the comparative multi-dataset analysis
approach is similar to that of XCMS [17], which is pri-
marily used to process metabolomics data, MultiAlign is
applicable to both proteomics and metabolomics data
and allows for peak matching LC-MS data to reference
databases (similar to VIPER [8]). Furthermore, MultiA-
lign supports full traceback from feature clusters to par-
ent and corresponding tandem mass spectra.
Implementation
MultiAlign is a multiple dataset analysis tool for cluster-
ing aligned LC-MS features (dataset to dataset or dataset
to reference database, if available) across LC-MS experi-
mental runs. Provided a reference database exists, these
clusters can be matched to the database for peptide se-
quence assignment. MultiAlign also performs MS/MS
spectral clustering to facilitate proteome structure
characterization (i.e., types of peptides present in a sys-
tem of biological samples).
Architecture
The basic architecture of MultiAlign is depicted in
Figure 1. The software is written on .NET framework
version 4.0, using C# for the presentation layer, and a
mixture of standard C++ (using the Standard Template
Libraries) and C# for the computational engine. A C+
+/CLI adapter marshals data between C# and C++/CLI
managed and unmanaged interfaces when features in the
C++ engine are required. Results are persisted to a
SQLite database. A graphical user interface is provided
with the Microsoft Windows application version. Inter-
active feature scatter plots, heat maps, histograms, and
line charts are created using a custom visualization
package that can handle millions of data points by lever-
aging fast bitmapping techniques via GDI + library calls.
A command line version is also supplied as an alterna-
tive to the user interface.
Data structures
MultiAlign uses four simple data objects: MS features,
LC-MS features, LC-MS feature clusters, and LC-MS
/MS-generated accurate mass and normalized LC elu-
tion time features referred to as AMT tags. An MS fea-
ture represents the peaks of an isotopic distribution of
peptide ions resulting from the deisotoping of an LC-
MS spectrum using the THRASH algorithm [6]. Each
MS feature is described by a monoisotopic mass, charge,
and retention time. An LC-MS feature is a group of MS
features common to a monoisotopic mass observed
across elution time (i.e., in multiple consecutive spectra
or scans), whereas an LC-MS feature cluster is com-
posed of LC-MS features observed across multiple
Figure 1 Architecture of the MultiAlign software.
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the most basic level by monoisotopic mass, globally
averaged normalized elution time (NET) between 0 and
1, and a peptide sequence. These features are stored in a
reference peptide database referred to as an AMT tag
database. Fragmentation spectra are represented by the
MSn spectra object by a precursor m/z linked to MS fea-
tures within a given elution time.
Algorithm
Four major processing components exist in the compu-
tational layer: LC-MS feature finding, LC-MS feature
alignment, LC-MS feature clustering, and peak matching
to an AMT tag database. This computational workflow
is similar to that of VIPER [8] (Figure 2), an existing LC-
MS proteomics analysis tool, but with the addition of a
clustering step that allows MultiAlign to perform
dataset-to-dataset analysis in addition to finding un-
attributed features common across datasets. MultiAlign
also provides a traceback capability that links LC-MS
feature clusters to MS/MS spectra for use in peptide se-
quence assignment approaches that do not rely on data-
base searches, e.g. de novo approaches.LC-MS feature finding
Peptides separated via LC are detected across several
mass spectra at various charge states (when using elec-
trospray ionization). Respective isotopic distributions of
ionized peptides can be resolved to a single monoisoto-
pic mass after normalizing by charge [4,5,8], which
results in an MS feature. The feature finding component
clusters these MS features into an LC-MS feature, using
a mass tolerance window in parts per million (ppm) and
assigns a representative LC scan based on the maximum
signal intensity of the eluting LC peak. This clustering
step uses a single linkage clustering algorithm with a
weighted L2 norm distance calculation based on mass,
elution time, and intensity; weights are user definable.
Feature abundances are reported as the sum of monoiso-
topic peak values from all clustered MS features. The
output database links feature data to scans from the in-
strument files, which allows researchers to develop cus-
tom quantitation algorithms to suite their specific
applications.
When running on a hybrid instrument, MultiAlign will
ingest raw data files (Thermo Finnigan binary or
mzXML format) to link MS features found by THRASH
Figure 2 The data workflow for MultiAlign is similar to that of its predecessor VIPER with the addition of the clustering step and the
ability to perform multiple dataset analysis. DeconTools is shown as the pre-processing step that reduces raw mass spectra into MS features
of resolved monoisotopic masses, charge, and elution time.
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level > 1) that have similar parent masses. The algorithm
hashes all MS scans and then stores the MS/MS scan in-
dices after which the precursor m/z from the MS/MS
spectra is compared to the m/z of the MS feature. All
matches are linked and stored in the results database.
The end result is the ability to query all clusters and/or
LC-MS features for which there is MS/MS spectra that
can be exported to peptide identification tools, e.g., pep-
tide spectrum match search and de novo approaches.
Alignment
To correct for systematic variation in elution time and
mass measurement accuracy, MultiAlign uses the
LCMSWarp algorithm [18], a dynamic time warping ap-
proach. This algorithm computes a piecewise linear
alignment function to calibrate the monoisotopic mass
and transform scan number of each MS feature to the
NET so that LC-MS features can be compared across
datasets.
MultiAlign uses one of two alignment strategies. The
first strategy is similar to VIPER [8] in that it aligns a
single dataset to an AMT tag database. The secondstrategy, which is useful when no AMT tag database is
available, aligns a dataset to another reference dataset.
The analysis tool is capable of loading several datasets at
once for subsequent pair-wise alignment.
MultiAlign also produces heat maps for visualizing
how well a dataset aligns to a database or to a dataset.
These heat maps display alignment probability scores
between scans of the aligned and baseline data [18].
Ideally, one sees a bright linear yellow trend line from
the lower left coordinate to the upper right, which indi-
cates little retention time and mass variation between
data.
Clustering
If a peptide is represented across multiple LC-MS acqui-
sitions obtained under similar conditions, then it should
be visible as an LC-MS feature across all datasets. Multi-
Align finds these common LC-MS features via average
or single linkage clustering (specified by the user). Both
algorithms initially treat each LC-MS feature across all
datasets as a singleton cluster. These clusters are then it-
eratively merged based on minimum values in a distance
map; single linkage merges are based on the shortest
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troid distances. In the single linkage algorithm, clusters
are merged only if they are within monoisotopic mass
tolerance (ppm) and NET. These tolerances can be
defined by the user based on knowledge of instrument
performance. Clusters are assigned a score as to the
mean L2 distance of each feature to the cluster centroid.
This cluster score describes the overlap of LC-MS fea-
tures in mass and retention time space across runs.
Both clustering algorithms use a simple mass partition-
ing approach to improve run time performance. The en-
tire feature space from all datasets is sorted based on
monoisotopic mass. Gaps in the list are identified based
on the mass tolerance (ppm) between two consecutive
features, which provides a 33-fold increase in speed and
improves multiple dataset analysis runtime. Each cluster is
assigned two scores, the first of which calculates the mean
L2 distance of all features to the cluster centroid based on
monoisotopic mass and NET. This score reflects tightness
where the smaller the tightness, the more confident the
cluster. The second score addresses ambiguity; that is,
given any two clusters, what is the potential that they are
indistinguishable by their dimensionality (e.g. monoisoto-
pic mass or NET). If two clusters are close in monoisoto-
pic mass and NET space, then the cluster is considered to
be ambiguous. An ambiguity score is calculated as the
minimum L2 norm distance between any two features
from neighboring clusters. As the score approaches zero,
the distance between pair wise members is small and indi-
cates an ambiguous cluster. These scores serve as filtering
metrics to find clusters of similarly eluting features across
datasets in downstream analysis, e.g. presence/absence
and relative quantitation.
Peak matching
When an AMT tag database is available, MultiAlign per-
forms peak matching to assign peptide sequences to LC-
MS features. Peak matching is accomplished by using
simple range queries with monoisotopic mass ppm and
NET. However, a single LC-MS feature can be matched
to multiple peptides, thus making the identification am-
biguous. We utilize the STAC algorithm [19] to quantify
the goodness of match for a cluster and an AMT tag in
what is called the STAC score. The STAC algorithm also
provides an orthogonal score (the STAC-UP score) that
assesses the uniqueness probability of each match in the
case of multiple AMT tags matching the same cluster,
i.e., for a given cluster that matches to multiple mass
tags, the uniqueness probability describes which match
is the most likely.
Spectral clustering
When MS/MS spectra are available, MultiAlign can
cluster the spectra across multiple samples byimplementing an algorithm similar to that of MSCluster
[20] except that it incorporates retention time informa-
tion at the MS feature level, which allows spectral data-
bases to be constructed. This clustering method is a
hierarchical approach analogous to that used for cluster-
ing LC-MS data. First, MS/MS spectra that belong to
LC-MS features are considered for clustering, which lim-
its the number of MS/MS spectra to be clustered. As
spectra must have a representative elution profile (inten-
sity vs. time) gained from the LC-MS feature finding
step, the chance of transient MS/MS spectra (e.g.,
present in a single scan) entering the analysis is reduced.
The MS/MS spectra are then compared across datasets,
and the spectral similarity is computed as the normal-
ized dot product of the ion series.Visualization
MultiAlign has several visualization capabilities, includ-
ing a fully interactive graphical user interface (GUI). The
GUI parameter file editor (Figure 3) can be used to edit
parameter files, as well as to export parameters to hyper
text markup language (HTML) for easier review. Multi-
Align also provides a fully functional GUI application
that includes a wizard to guide the researcher through
the analysis steps. The wizard is a series of views from
which to load data from a data management system [21]
(user generated) or local disk, load setup algorithm para-
meters, and define the output folder. When the analysis
is complete, results are displayed in a data view window
that facilitates further investigation of features, clusters,
and matched peptides when using an AMT tag database.
The data view displays all of the results along with inter-
active plots (for global statistics) that show feature distri-
butions, cluster scores, and error histograms (Figures 4,
5, 6, respectively). The data view also provides an inter-
face to review the parameters used and includes sum-
mary information about the number of features found,
clusters identified, and peptide sequences identified.
Lastly, a report is generated in HTML that contains the
plots generated in the data view. This report is packaged
with the analysis file and provides users with a way of
distributing a data overview to others.Parameters
Parameters for all algorithms can be modified through
the user interface in the analysis wizard or in the standa-
lone parameter file editor. They also can be adjusted,
persisted, and/or loaded in the XML formatted param-
eter file described in Additional file 1: Table S1. Param-
eter options include feature loading filters for isotopic fit
scores and abundances. Feature finding parameters in-
clude mass tolerance (ppm) and scan tolerances.
Figure 3 Standalone parameter file editor application screenshot.
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MultiAlign data input formats are in DeconTools “isos”
CSV format, ICR2LS “pek” CSV format, and in an LCMS
feature tab delimited text file of clustered Decon2LS
results. Two forms of data output files are available:
1. SQLite Database: This file is an open source-based
formatted database that stores pertinent analysis data,
and is the main file export format for analysis. The
database allows the full traceback to occur from a cluster
of features across datasets to an associated MS/MS
spectrum. The database schema is published in the Data
Tutorial hosted on the project website (http://omics.pnl.
gov/software/MultiAlign.php) under the tutorials section.
2.Cross Tab: This format is a flat comma separated variable
(CSV) file whose rows are clusters and whose columns are
attributes about the cluster and features that comprise it.Results and discussion
MultiAlign was applied to two environmental proteomics
datasets and to a metabolomics dataset to demonstrate itsdifferent operational modes. The first application involved a
re-analysis of published data [13] acquired from planktonic
biomass for which a pseudo metagenome sequence and an
AMT tag database were available. In the second application,
MultiAlign was used to analyze datasets acquired previously
for a microbial community biomass that did not have a
metagenomics sequence. These two applications demon-
strated the dataset-to-database and dataset-to-dataset align-
ment capabilities of the software. We also analyzed datasets
from a metabolomics study of mitochondrial fatty acid,
which demonstrated the applicability of the software to
other LC-MS-based omics datasets.Proteomics dataset-to-database alignment
MultiAlign was initially applied to re-analyze 24 LC-MS
datasets of digested proteins extracted from a ground-
water monitoring well sample [13,14]. The sample was
collected during acetate addition to a Uranium(VI) con-
taminated aquifer during a biostimulation field experi-
ment conducted at the U. S. Department of Energy’s
Integrated Field Research Challenge site (Rifle, CO). The
Figure 4 The Statistics Plots page shows thumbnails of the visualization capabilities in the GUI version of MultiAlign. This figure shows
all plots generated when an AMT analysis is run. Each plot is interactive on this view.
LaMarche et al. BMC Bioinformatics 2013, 14:49 Page 7 of 14
http://www.biomedcentral.com/1471-2105/14/49proteomics data were generated using an LTQ-Orbitrap
mass spectrometer (ThermoFisher Scientific Corp., San Jose,
CA) operated in HMS-MSn mode (low resolution MS/MS
spectra generated from a portion of high-mass accurate par-
ent ions) and coupled to an on-line reverse phase separation
of peptides using HPLC. Detailed operating conditions of
both the mass spectrometer and HPLC system are described
elsewhere [9]. Deisotoped LC-MS spectra [5] were analyzedusing MultiAlign and VIPER [8] for comparison. The LC-
MS features were peak matched to an AMT tag database
that previously had been generated using LC-MS/MS spec-
tra from the 24 datasets and a concatenated set of bacterial
genome sequences for iron reducing bacteria [9].
Results from the LC-MS feature finding algorithm in
MultiAlign ranged from 22,000 to 26,000 LC-MS fea-
tures per dataset, which is comparable to feature counts
Figure 5 The Dataset Plots page shows all of the thumbnails generated for each dataset to display the alignment plots and feature
scatter plots.
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from both software tools were aligned to mass and NET
information in the AMT tag database that represented
17,052 fully tryptic peptides [13,14]. Retention time align-
ment was performed in a pair-wise fashion, whereby each
dataset was aligned to the database. Alignment heat maps
for both software tools demonstrate comparable analyses
(Figure 7). Noticeable differences between these heat maps
may reflect differences in the feature sets as a result of the
different LC-MS feature finding algorithms and/or the
plotting tools used to create the heat maps. Furthermore,
the noticeable deviant line observed in many of the heat
maps for both MultiAlign and VIPER indicates potential
differences between the database and each dataset [13,14].
This deviance in alignment most likely originates from
matches that are similar in mass, but differ in peptide
sequences; a common occurrence when analyzing micro-
bial community samples because the database derived
from the metagenomics sequence is not comprehensive.
Following this initial comparison, MultiAlign was used
to cluster aligned LC-MS features across datasets, after
which the cluster centroids were matched to the AMT
tag database. In this analysis 37,386 non-singleton clus-
ters (i.e., spanning at least two datasets or more) were
observed; however, only 5346 clusters matched unambigu-
ously (STAC uniqueness probability > 0.5) to a singledatabase peptide, which left approximately 86% of the
clusters not conclusively identified. A total of 1812 clus-
ters (consisting of both identified and unidentified clus-
ters) had features present across all 12 LC-MS instrument
runs. To increase confidence as to which clusters were
real, we removed clusters that had an ambiguity score <1,
which left 539 clusters with LC-MS features present
across all datasets. Of these clusters, only 137 had unam-
biguous matches to database peptides, leaving 402 uniden-
tified clusters for further investigation.
The small number of unambiguous clusters with fea-
tures present in all datasets suggests a large difference in
both temporal and spatial conditions, which supports pre-
vious observations that suggested large differences in
community structure in both temporal and spatial condi-
tions [13]. Unlike VIPER, MultiAlign has the added func-
tionality of being able to look across all datasets and then
peak match to a database to confidently identify features.
Furthermore, when there is no database available, MultiA-
lign can discover features present across some or all con-
ditions to guide further experimental development.
Proteomics dataset to dataset alignment and traceback to
MS/MS spectra
MultiAlign was also applied to proteomics datasets acquired
from an anaerobic microbial community capable of
Figure 6 A scatter plot of all the clusters found in the analysis. The bottom portion of the screen shows details for the selected
given cluster.
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nity was grown in a bioreactor seeded with biomass
obtained from cow rumen. Proteins extracted from five
samples harvested 1, 4, 9, 17, and 20 days after bioreactor
start-up were digested and analyzed using LC-MS with anFigure 7 Alignment heat maps for MultiAlign and VIPER of a datasetLTQ-Orbitrap Velos mass spectrometer (Thermo-Fisher
Scientific Corp.) and custom four column HPLC (built
in-house). Liquid chromatographic separations were per-
formed using 3-μm Jupiter C18 stationary phase (Phenom-
enex, Torrence, CA) packed into a 70-cm length of 360 μmto an AMT tag database.
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Technologies Inc., Phoenix, AZ). The column was equili-
brated with 99% mobile phase A (0.1% formic acid in water)
and 1% mobile phase B (0.1% formic acid in acetonitrile)
prior to sample injection onto a 5 μL sample loop. Auto-
mated switching of valve positions transferred the sample to
a solid phase extraction column (SPE) for 7 minutes at flow
rate of 1.2 μL/min. Four minutes after switching the SPE in
line with the analytical column, a programmed gradient
ramped the concentration of mobile phase B to 85% over
95 minutes. Column flow was maintained at 0.3 μL/min.
Peptides were ionized using an electrospray ionization inter-
face (manufactured in-house). Spectra were collected in
MS/MS mode using collision induced dissociation (CID)
fragmentation. Each of the five samples was analyzed in trip-
licate on the instrument and in randomized order on the
same chromatographic column. As no metagenomics data
were available for the bioreactor community (and thus no
AMT tag database could be created), global proteome pro-
files were compared using MutltiAlign’s dataset-to-dataset
alignment and LC-MS feature clustering capabilities, and
the parameters in Additional file 1: Table S1.
Results from MultiAlign’s LC-MS feature finding algo-
rithm ranged from 16,500 to 26,000 LC-MS features for
the datasets of which 4700 to 9700 matched to MS/MS
spectra based on precursor m/z and local scans (i.e.,
MutliAlign’s traceback capability). The unmatched fea-
tures represent approximately 75% of LC-MS features
unidentifiable through traditional database search tech-
niques. The LC-MS feature clustering algorithm found
67,172 clusters with members present in at least two
datasets, of which 7098 were unambiguous observations
and 110 were present across all time points and in all
technical replicates.
While excellent reproducibility was observed for LC
retention and mass alignment of technical replicates,
alignments at the sample scale (1, 4, 9, 17, 20 days)
exhibited increases in retention time and mass variation
over the time course (Figure 8). A systematic worsening
in alignment was observed regardless of the sample and
baseline dataset selected for pair-wise alignment, even
though alignment reproducibility was good for technical
replicates. Because the run order of samples and tech-
nical replicates was randomized, bias introduced from
the instrument was ruled out as a cause for this trend.
We performed spectral clustering to better understand
the systematic decrease in alignment across time, using
MS/MS spectra collected on days 1 and 20 and between
two, day-20 technical replicates. Clusters of MS/MS
spectra were analyzed and the LC-scan difference be-
tween two spectra for each cluster was plotted with re-
spect to the cluster index (Figure 9). Note the
differences in both the number and spread of clusters
between the two cluster analyses. For the technicalreplicates, delta scan residuals are close to zero, while
delta scan residuals between days 20 and 1 are incongru-
ous, which suggests a lack of similarity between MS/MS
spectra generated for these two samples.
Both the cluster analysis plots and the alignment heat
maps point to substantial proteome differences in the
bioreactor community during its acclimation following
inoculation with cow rumen. It is highly likely that both
the community structure and proteome were behaving
in a dynamic manner during acclimation, which suggests
that genomics sequence information derived from any
one sample may not represent the proteome of another
sample. As a result, a database centric approach would
be lacking in that a single metagenome may not capture
the entire community structure. Instead, by decoupling
this alignment and peptide identification from a database
centric model, MultiAlign allows data analysis to be per-
formed on global proteome profiles, without initial gen-
omics sequence information.
Metabolomics dataset to dataset alignment and
traceback to MS/MS spectra
We also demonstrated application of MultiAlign for pro-
cessing 20 LC-MS-based metabolomics datasets obtained
in a previously published study of wild type and mito-
chondrial fatty acid oxidation enzyme (dodecenoyl coen-
zyme A delta isomerase) knockdown mutants of human
hepatocarcinoma cells [22]. Each dataset contained 4300
to 4900 LC-MS features, and MS/MS traceback results
showed 7300 to 8500 MS/MS spectra were matched to
these features, which indicated that each LC-MS feature
had multiple fragmentation spectra. This observation is in
contrast to proteomics datasets, where a single LC-MS
feature typically is selected for zero to 1 fragmentation
events on average because of sample complexity. In total,
92,730 unique LC-MS features were detected following
chromatographic alignment using MultiAlign. The distri-
bution of charge states was predominantly 1+, which is
expected in LC-MS metabolomics datasets.
Features from individual LC-MS datasets aligned to an
arbitrarily chosen baseline dataset resulted in very linear
heat maps (Figure 10), with tight mass and NET error dis-
tributions (< 5 ppm mass and < 3% NET). After alignment,
these features were clustered across datasets, which pro-
duced an interesting trend in the cluster size distributions.
Of the 92,730 features, we observed 6543 clusters of
which 1575 were singletons, i.e. observed in only a single
LC-MS dataset. However, we also observed 1089 clusters
that spanned all 20 datasets for both cell conditions (i.e.,
wild type and knockdown mutants). Further investigation
of these clusters showed that roughly half (498) had a
tightness score < 0.005 and an ambiguity score > 5. The
significance of these cutoffs is demonstrated by the two
significantly large score distributions in Figure 11.
Figure 8 Bioreactor sample heat-maps aligned to the baseline sample. Columns represent the day the bioreactor was sampled, rows
represent each technical replicate.
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mics datasets, we did demonstrate that intensity profiles
can be obtained as a result of clustering across conditions.
Furthermore, the traceback capability allows researchers to
extract MS/MS spectra targets with the intent of comparing
them to other metabolomics databases of known standardsFigure 9 The delta scans between MS/MS clusters are shown above. L
community extracted from cow rumen fluid were clustered using the MS/M
cluster. Right, spectral clustering was performed using two datasets from th
significant difference in community structure between sample days one an(e.g., LipidMaps [23]), thereby providing a unique capability
for processing LC-MS-based metabolomics data.
Conclusions
MultiAlign is a new software tool that aligns LC-MS(/MS)
feature maps for label-free proteomics and metabolomicseft, two datasets from day 1 and day 20 from the anaerobic microbial
S spectral clustering algorithm. Each point represents a spectral
e same sample day. The spectral clustering method shows a
d five (i.e., days 1 and 20).
Figure 10 Alignment heat maps showing similarity between lipidomics datasets from four Huh7 cell experiment groups. From left to
right, the first two groups represent strong and weak knockdowns of dodecenoyl coenzyme A delta isomerase expression. The third corresponds to
Huh7 wild type cells, and the last is a short hairpin RNA (shRNA) non-targeting control.
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MS features from a single dataset to a reference database,
its value lies in its ability to align multiple datasets to find
differentially abundant chemical species of interest not
readily identified by traditional approaches, which allows
for focused identification. This alignment capability sup-
ports targeted workflows for identifying systematic changes
in complex samples, such as microbial communities, to as-
sist downstream investigations of underlying biological
processes.
When reference databases are available, clustered spe-
cies derived from multiple datasets can be matched to
entries in a database and assigned confidence values,after which selected species can be followed up using a
targeted experimental approach, e.g. using selected reac-
tion monitoring to validate identifications or more MS/
MS spectra collection with other fragmentation methods
such as CID, HCD, or ETD. Both identified and uniden-
tified clusters can also be profiled to reveal abundance
changes, which is useful for supporting or establishing
hypotheses for cause/effect, spatial, or temporal studies.
Furthermore, MultiAlign is useful for studies where little
to no genomic context is known and reference databases
cannot be constructed, as exemplified by our application
of the software to proteomic samples of an anaerobic
microbial community. In this analysis we demonstrated
Figure 11 The histograms above shows the distribution of cluster scores for ambiguity and tolerance using the metabolomics data.
The ambiguity score is the distance between any two clusters. Low scores signify high ambiguity and potential feature overlap between clusters,
where high scores would indicate low ambiguity.
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http://www.biomedcentral.com/1471-2105/14/49how two dissimilar LC-MS feature maps could be ana-
lyzed using MultiAlign’s MS/MS traceback and spectral
clustering capability. This functionality allows research-
ers to focus further informatics investigation, e.g. de
novo peptide identification approaches, on MS/MS spec-
tra that are associated to features found in multiple
experiments, as opposed to transient spectra.
Availability and requirements
Project name: MultiAlign
Project home page: http://omics.pnl.gov/software/Mul-
tiAlign.php
Operating system(s): Microsoft Windows XP and
newer (32-bit and 64-bit)
Programming language: C# for presentation layer
(visualization) and C++ for computation layer.
Other requirements: Microsoft .NET framework 4.0,
Microsoft .NET framework 2.0
License: Apache 2.0
Any restrictions to use by non-academics: None.
Additional file
Additional file 1: Table S1. Table of parameters used in the MultiAlign
analysis.
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MS: Mass spectrometry; LC-MS: Liquid chromatography-mass spectrometry;
AMT: Accurate mass and time (related to accurate mass and time tag
proteomics).
Competing interests
The authors declare that they have no competing interests.
Authors’ contributions
BLL developed visualization capabilities and improved performance of back-
end algorithmic components, as well as improved scalability and application
to targeted workflows. BLL also wrote several of the data access
components, and provided critical bug fixes. KC developed data access layer
components for input and output and upgrades to the user interface, andprovided support and testing for various platforms. KC also played a role in
critical bug fixes. AS and VP provided algorithmic oversight through code
reviews and played a role in testing and analysis of data. NJ developed initial
versions of the software, including the underlying alignment, feature finding,
clustering, and peak matching algorithms. GK and JS wrote database access
tools. MEM provided feature development and access to AMT-DB creation
utilities and provides testing and data analysis. SJC provided guidance for
targeted workflow development, feature development, and application of
MultiAlign for environmental proteomics analyses. TM provided
metabolomics datasets and direction for LC-MS analysis of metabolites. GAA
directed development of the tool towards various application areas for high-
throughput LC-MS analysis. RDS provided crucial scientific guidance and
leadership to the development group.
Acknowledgements
The authors thank Samuel Purvine, Nikola Tolić, Angela Norbeck, and Joshua
Aldrich, Drs. Samuel Payne, and Allan Konopka for insightful discussions with
regard to algorithms, software design, and biological applications; Dr. Joshua
Adkins for support and continued discussion; Dr. Mary Lipton for continued
support for feature development and application; and Amy Boaro and Dr.
Birgitte Ahring at the Bioproducts, Sciences, and Engineering Laboratory at
Washington State University -Tri-cities for providing the bioreactor samples.
We would also like to thank Nancy Colton for her technical editorial
assistance and Dr. Kenneth Auberry for his graphic design contributions.
Funding
This work was supported by the Laboratory Directed Research and
Development program as part of the Microbial Communities Initiative at the
Pacific Northwest National Laboratory (PNNL). Proteomics datasets originated
from samples analyzed using capabilities developed under the support of
the National Center for Research Resources (5P41RR018522-10) and the
National Institute of General Medical Sciences (8 P41 GM103493-10) from the
National Institutes of Health, and from the U.S. Department of Energy Office
of Biological and Environmental Research (DOE/BER). Significant portions of
the work were performed in the Environmental Molecular Science
Laboratory, a DOE/BER national scientific user facility at PNNL in Richland,
Washington. PNNL is operated for the DOE by Battelle under contract DE-
AC05-76RLO-1830.
Received: 9 August 2012 Accepted: 21 January 2013
Published: 12 February 2013
References
1. Craig R, Beavis RC: TANDEM: matching proteins with tandem mass
spectra. Bioinformatics 2004, 20(9):1466–1467.
2. Eng JK, McCormack AL, Yates John R III: An Approach to Correlate Tandem
Mass Spectral Data of Peptides with Amino Acid Sequences in a Protein
Database. J Am Soc Mass Spectrom 1994, 5(11):976–989.
LaMarche et al. BMC Bioinformatics 2013, 14:49 Page 14 of 14
http://www.biomedcentral.com/1471-2105/14/493. Perkins DN, Pappin DJC, Creasy DM, Cottrell JS: Probability-based protein
identification by searching sequence databases using mass
spectrometry data. Electrophoresis 1999, 20(18):1522–2683.
4. Zimmer JSD, Monroe ME, Qian W-J, Smith RD: Advances in Proteomics
Data Analysis and Display Using an Accurate Mass and Time Tag
Approach. Mass Spectrom Rev 2006, 25(3):450–482.
5. Jaitly N, Mayampurath A, Littlefield K, Adkins JN, Anderson GA, Smith RD:
Decon2LS: An open-source software package for automated processing
and visualization of high resolution mass spectrometry data. BMC
Bioinformatics 2009, 10(87). http://dx.doi.org/10.1186/1471-2105-10-87.
6. Horn DM, Zubarev RA, McLafferty FW: Automated Reduction and
Interpretation of High Resolution Electrospray Mass Spectra of Large
Molecules. J Am Soc Mass Spectrom 2000, 11(4):320–332.
7. Park K, Yoon JY, Lee S, Paek E, Park H, Jung H-J, Lee S-W: Isotopic Peak
Intensity Ratio Based Algorithm for Determination of Isotopic Clusters
and Monoisotopic Masses of Polypeptides from High-Resolution Mass
Spectrometric Data. Anal Chem 2008, 80(19):7294–7303.
8. Monroe METN, Jaitly N, Shaw JL, Adkins JN, Smith RD: VIPER: an advanced
software package to support high-throughput LC-MS peptide
identification. Bioinformatics 2007, 23(15):2021–2023.
9. Cox J, Mann M: MaxQuant enables high peptide identification rates,
individualized p.p.b.-range mass accuracies and proteome-wide protein
quantification. Nat Biotechnol 2008, 26:1367–1372.
10. May D, Fitzgibbon M, Liu Y, Holzman T, Eng J, Kemp CJ, Whiteaker J,
Paulovich A, McIntosh M: A Platform for Accurate Mass and Time
Analyses of Mass Spectrometry Data. J Proteome Res 2007, 6:2685–2694.
11. Pluskal T, Castillo S, Villar-Briones A, Orešič M: MZmine 2: Modular
framework for processing, visualizing, and analyzing mass spectrometry
based molecular profile data. BMC Bioinformatics 2010, 11(395). http://dx.
doi.org/10.1186/1471-2105-11-395.
12. Li X-j, Yi EC, Kemp CJ, Zhang H, Aebersold R: A Software Suite for the
Generation and Comparison of Peptide Arrays from Sets of Data
Collected by Liquid Chromatography-Mass Spectrometry. Mol Cell
Proteomics 2005, 4:1328–1340.
13. Callister SJ, Wilkins MJ, Nicora CD, Williams KH, Banfield JF, Verberkmoes NC,
Hettich RL, Guessan LE, Mouser PJ, Elifantz HL, et al: Analysis of
Biostimulated Microbial Communities from Two Field Experiments
Reveals Temporal and Spatial Differences in Proteome Profiles. Environ
Sci Technol 2010, 44:88978903.
14. Wilkins MJ NV, Williams KH, Callister SJ, Mouser P, Elifantz H, N'Guessan AL,
Thomas BC, Nicora CD, Shah MB, Abraham P, Lipton MS, Lovely DR, Hettich
RL, Long PE, Banfield JF: Proteogenomic monitoring of Geobacter
physiology during stimulated uranium bioremediation. Appl Environ
Microbiol 2009, 75(20):6591–6599.
15. PEAKS Mass Spectrometry. http://www.bioinfor.com/peaks-overview.
16. Frank A, Pevzner P: PepNovo: De Novo Peptide Sequencing via
Probabilistic Network Modeling. Anal Chem 2005, 77:946–973.
17. Smith CA, Want EJ, O'Maille G, Abagyan R, Siuzdak G: XCMS: Processing
Mass Spectrometry Data for Metabolite Profiling Using Nonlinear Peak
Alignment, Matching, and Identification. Anal Chem 2006, 78:779–787.
18. Jaitly N, Monroe ME, Petyuk VA, Clauss TRW, Adkins JN, Smith RD: Robust
Algorithm for Alignment of Liquid Chromatography-Mass Spectrometry
Analyses in an Accurate Mass and Time Tag Data Analysis Pipeline. Anal
Chem 2006, 78(21):7397–7409.
19. Stanley JR, Adkins JN, Slysz GW, Monroe ME, Purvine SO, Karpievitch YV,
Anderson GA, Smith RD, Dabney AR: A Statistical Method for Assessing
Peptide Identification Confidence in Accurate Mass and Time Tag
Proteomics. Anal Chem 2011, 83(16):4.
20. Frank AM, Bandeira N, Shen Z, Tanner S, Briggs SP, Smith RD, Pevzner PA:
Clustering millions of tandem mass spectra. J Proteome Res 2008, 7(01):
113–122.
21. Kiebel GR, Auberry KJ, Jaitly N, Clark DA, Monroe ME, Peterson ES, Tolic´ N,
Anderson GA, Smith RD: PRISM: A data management system for high-
throughput proteomics. Proteomics 2006, 6:1783–1790.22. Rasmussen A, Diamond D, McDermott J, Gao X, Metz T, Matzke M, Carter V,
Belisle S, Korth M, Waters K, et al: Systems virology identifies a
mitochondrial fatty acid oxidation enzyme, dodecenoyl coenzyme A
delta isomerase, required for hepatitis C virus replication and likely
pathogenesis. J Virol 2011, 85(22):11646–11654.
23. Fahy E, Subramaniam S, Brown HA, Glass CK AHM Jr, Murphy RC, Raetz CRH,
Russell DW, Seyama Y, Shaw W, et al: A comprehensive classification
system for lipids. J Lipid Res 2005, 46:839–862.
doi:10.1186/1471-2105-14-49
Cite this article as: LaMarche et al.: MultiAlign: a multiple LC-MS analysis
tool for targeted omics analysis. BMC Bioinformatics 2013 14:49.Submit your next manuscript to BioMed Central
and take full advantage of: 
• Convenient online submission
• Thorough peer review
• No space constraints or color ﬁgure charges
• Immediate publication on acceptance
• Inclusion in PubMed, CAS, Scopus and Google Scholar
• Research which is freely available for redistribution
Submit your manuscript at 
www.biomedcentral.com/submit
